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Abstract: Along with the development of the times, the productivity of industry develops quickly, and the process of industrialization continues to speed up. Economic and social development needs more and more energy resources. Coal is known as "black gold". It is one of the major mineral resources. It has a great effect on the development of industry. Much of the industry is dependent on coal for power generation. But because of all kinds of factors, the technology level of coal mining is low, and the security is not good. Frequent safety incidents threaten the lives of the miners. Under such circumstances, it is more and more important to study and apply unmanned mining technology in coal mines. The application of unmanned mining technology in coal mines can not only increase the utilization ratio of coal resources, but also extend the mining time, maximize the security of the miners, and is significant to the development of mining industry. In this paper, the author gives a brief overview of the research proposals for unmanned coal mining from the point of view of the common problems, the conception, features and key techniques. Though China's coal resources are large and widely distributed, with the rapid development of Chinese industry, a lot of coal resources have been used up. What's more, China's territory is large, its geographic structure is diversified, its storage conditions are complicated, and its exploitation is very difficult. Using unmanned working face mining technique can effectively alleviate the problems that are met in our country. There are many aspects and complicated processes involved in the mining of unmanned coal mining face. Along with the unremitting efforts of related people, the mining technology of unmanned coal face in China is becoming more and more mature and widely used.

This study aims to develop an automatic flame recognition system for coal mining faces, which can accurately recognize flames in 244 different scenarios. The background of this issue is that in coal mining faces, timely identification of flames is crucial for safety and production. To solve this problem, we adopted deep learning technology and used a large amount of flame image data for model modeling and training.
The main goal is to construct and train a basic convolutional neural network (Baseline) to recognize flame images. The code is divided into several key steps, first data preparation and exploration, second model definition and training, and finally performance evaluation.
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0.Introduction

The severe situation of resource shortage and weak supply faced by China's mineral resources has become a bottleneck in the development of industry. If this situation continues to develop, it will inevitably have a profound impact on the sustainable development of the national economy. The development of the coal industry has been highly valued by the country. The "863" plan has focused on the development of underground unmanned mining technology in the field of efficient exploration and development and utilization of mineral resources. However, there are still many problems in the mining industry at present.

0.1 High coal production and high mortality rate
In the 21st century, China has become the world's largest coal producing country, with national coal production increasing from 990 million tons in 2000 to 2.33 billion tons in 2006, accompanied by high production rates in the coal industry. In 2006, the mortality rate per million tons in small coal mines nationwide was 5.56, 2.81 in local key coal mines, and 0.96 in state-owned large coal mines. The mortality rate per million tons is nearly 100 times that of the United States, nearly 10 times that of Russia, and nearly 12 times that of India.

0.2 High demand for coal and serious waste of resources
The national coal demand forecast is: 2.5 billion to 2.7 billion tons in 2010, 3 billion to 3.2 billion tons in 2020, accounting for over 60% of energy demand; The average resource recovery rate of coal mines in China is 30% to 35%, while the recovery rate of small mines in resource rich areas is only 10% to 15%. Thin coal seam reserves account for about 20% of China's coal reserves, while production only accounts for about 8%. Coal enterprises face serious problems such as "mining thick and discarding thin" and "eating fat and losing thin" Phenomena.

0.3 Frequent major disasters and accidents
Gas outburst, gas and coal dust explosion, and roof accidents in working faces are major disasters in mines, and the frequency of major accidents in working faces is high.

0.4 Rapid development of mining technology and overall backwardness
In 2005, there were 197 high-yield and efficient mines in China, with a mechanization level of 75%. The development of mining technology was rapid, and it basically reached the world's leading level. However, the overall production technology level of coal mines is low, with poor equipment and low efficiency, especially in rural coal mines where non mechanized mining accounts for 60%. In order to solve the above problems, improve the current coal situation, and maintain the sustainable development of coal resources, based on the characteristics of unmanned working face mining technology, this article proposes the need to increase research on advanced coal mining technology in unmanned working faces and improve the level of comprehensive development of mineral resources.


1. Current research status at home and abroad

The implementation of automated mining with less and less manpower has become a hotspot in the field of mining. The United States and Australian coal companies are leading the way. Starting in 1980's, they used computer technology, high power electric traction shearers, hydraulic supports controlled by electrohydraulic system, and scraper conveyer with soft-start function. Since the 1990s, Canada, Finland, and Sweden have respectively developed mine automation plans. At the beginning of the 1990s, a Canadian firm, Inco, started to study remote mining technology; in 1992, Finland announced a Smart Mining Technology Solution; and in Sweden, a Strategic Plan of Grontecknik 2000 was drawn up to promote the automation of mining.

In some Western countries, such as the UK and Australia, automated coal mining has been carried out. Automated coal mining has high requirements for coal seams and is only suitable for areas with relatively flat coal seams, stable roof slabs, and fixed mining heights. In September 2000, German DBT company collaborated with domestic research institutions and coal machine manufacturers to establish China's first fully automated unmanned thin coal seam working face at the Xiaoqing Coal Mine in Tiefa. In the fully automated mining equipment, the coal plow is a shallow cutting coal mining machine, which consists of four parts: a sliding coal plow, a scraper conveyor, a hydraulic propulsion device, and an electric control device. The system also includes the coal plow and GH9-34VE/4.7 sliding plane, PE2.30/732 planer head running track system, hydraulic support PM4 electro-hydraulic control system, and supporting domestic ZY -6400/09/200 shield bracket and SZZ -764/160 transfer machine. Its main characteristics are: shallow depth, usually 100-200 mm; Fast speed, with a traction speed of 1.8-2.2 m/s; Large mining height range, 0.9-2.2 m; Good adjustability, equipped with inclined jacks on the goaf side of the conveyor, with a small exposed area of the roof and easy control. The average thickness of the coal seam is 1.3 meters, with an inclination angle of 5 ° to 8 °, stable occurrence, a working face length of 150-200 meters, and a continuous advancing length of 905 meters. Trial production in January 2001, with an average daily production of 3712 tons, a maximum daily production of 6480 tons, an average monthly production of 111800 tons, a maximum monthly production of 142000 tons, and an annual production level of 1.5 million tons.

In August 2003, Shanxi Coking Coal Group Malan Mine also put into operation a fully automatic coal plow system, achieving unmanned mining of thin coal seams with a thickness of 0.8-1.4 meters and a length of 200 meters. As of October 8, 2003, the cumulative production of raw coal was 66817 tons, with a maximum daily production of 6280 tons. The geological structure of the Shenfu Dongsheng coal field is simple, with thick and stable coal seams and excellent mining conditions. In 2004, Shendong Coal Company conducted preliminary tests on automated working faces. Based on this, after more than half a year of debugging in 2005, it successively built the 45204 semi deep automated working face of Yujialiang Coal Mine, the 02203 semi deep automated working face of Halagou Coal Mine, and the 31306 large mining height bidirectional full deep automated working face of Bulianta Coal Mine, The monthly output of a single working face is over 900000 tons.


Because of the complicated geological conditions and the influence of many factors, the development of autonomous mining in China is lagging behind. The domestic research institutes have also developed and applied research on mining robot (MR), Mining Geographical Information System (MGIS), Three-Dimensional Earth Simulation (3DGM), Mining Virtual Reality (MVR), and mining GPS location. In September 2000, Beijing Mining Institute, together with Beijing Coal Machinery Factory, German DBT Company and other manufacturers, set up Xiaoqing Coal Mine in Tiefa Coal Industry Group, the first automatic unmanned working face for thin coal seam in China. In July, 2004, the Shandong Xinwen Mining Group Company introduced a new technology of coal mining with a screw drill. Workers operate machinery and electrical equipment outside the working face to complete all kinds of operations, such as cutting, loading, transporting, and so on. In May 2005, Datong Coal Mine Group introduced DBT Company of Germany's Automatic Coal Planer to realize the first fully mechanized and unmanned working face in China. In March 2007, Dongtan Coal Mine of Shandong Yankuang Group, China's first automatic and information-based coal mining face was put into operation, indicating a new phase of high productivity and high efficiency. With the rapid development of high productivity and high efficiency mining technology, the safe and effective integrated support technique for the fully mechanized mining face, as well as the application of automatic control, working state detection and fault diagnosis techniques, have greatly improved the automation level of the working face. In the region of good geology (Shendong area), there are few people working in the working face.



2. Coal mining technology classification, common problems, and solutions
Coal mining is a high-risk industry, and in recent years, frequent coal mining accidents have caused serious casualties and property losses. In response to these accidents, the country has introduced a series of coal mining policies, but still cannot avoid the occurrence of problems. Therefore, it is necessary to fundamentally solve the problem of coal mining, ensure the safety of the lives and property of coal miners, and ensure mining safety. Next, we will briefly discuss the problems that arise during the coal mining process and the strategies to solve them.

2.1 Characteristics of underground coal mining
The distribution of coal is divided into above ground and underground. The reserves of coal in China are much greater underground than above ground. There is a significant difference between the mining of above ground coal and underground coal, and the risk factor of underground coal mining is also much higher than above ground [1].

2.1.1 There are significant differences in the benefits of different mining methods
The underground mining of coal mines is influenced by many factors, so the mining techniques are also different. Previously, long wall mining and top coal caving mining were mainly used. However, with the progress of science and technology, the technology of underground coal mining is also developing. Now, it is possible to accurately find the location of coal and adjust the direction through directional drilling technology, ensuring that the coal mine location can be quickly found, saving costs, and improving the efficiency of coal mining.

2.1.2 The technical difficulty of mining is high, and the process is complex
The distribution of coal mines in China is far more underground than above ground. Due to the complex terrain and unclear underground soil conditions, danger can occur at any time, making the mining process more complex and difficult. Therefore, when conducting underground operations, it is necessary to conduct a detailed investigation of the underground situation, then develop a detailed plan, and finally proceed with coal mining to ensure the safety of the lives and property of coal workers to the greatest extent possible.

2.2 Problems in underground coal mining technology in coal mines
China has a long history of coal mining, but due to the late start of the mechanical industry compared to developed countries, the level of mechanization in coal mining is not high. China needs to vigorously develop coal mining mechanization and improve the efficiency and safety of coal mining. Below are several technical issues related to coal mining.

2.2.1 Low level of mechanization
China has a long history of coal mining, but the development process of coal mining technology in China is very slow. Currently, most coal mining is still completed by manpower, and the degree of mechanization is low, which has led to a significant increase in coal mining costs in China and is not conducive to market competition. Due to the fact that mining companies only value current economic interests and are unwilling to purchase high-tech coal mining equipment, China's current coal mining equipment is seriously outdated, and even some equipment that has been phased out in developed countries has just been put into use, resulting in low efficiency of coal mining and the safety of employees is not guaranteed.

2.2.2 Low safety
The safety of workers in underground coal mining is of paramount importance. However, due to the relatively backward mining technology in China, there are many safety loopholes in underground coal mining, which seriously threaten the safety of coal miners. a) The awareness of safety in coal mining enterprises is not sufficient, and this concept has not been strengthened in daily coal mining. Coal workers have relatively weak awareness of mining safety, and safety equipment has provided warnings. However, people often overlook it in order to increase the mining quantity; b) The safety facilities are not perfect enough. In order to improve the efficiency of coal mining, enterprises continuously introduce advanced mechanical equipment from abroad. However, the safety facilities are not in place, and even some coal mines lack safety equipment. Even with safety equipment, the utilization rate of these equipment in coal mines is not high, and disaster prevention and protection equipment do not play their due role, resulting in frequent coal mine safety accidents.

2.2.3 Difficulty in solving key and difficult problems
China's policy on coal mining is relatively strict, emphasizing the protection of the life safety of coal workers. Coal mining implements the "one ventilation and three prevention" policy, which refers to the technical management work of mine ventilation, gas prevention, coal dust prevention, and fire prevention in coal mine safety production. However, Chinese coal enterprises have not done enough in implementing national coal policies. Large coal mines in China generally set up specialized institutions for the management of "one ventilation and three prevention" during mining, greatly avoiding the occurrence of coal mining safety accidents and improving the efficiency of coal mining.

2.3 Analysis of underground coal mining technology in coal mines
With the development of science and technology, many new coal mining methods have been invented, which have improved the efficiency of coal mining, reduced the risk factor of mining, and ensured the life and property safety of coal miners as much as possible.

2.3.1 Hydraulic coal mining technology
Hydraulic coal mining technology involves injecting water into coal and then mining and transporting the coal. Hydraulic coal mining technology is the use of water power for coal mining, which can save expenses, costs, and improve profits without considering the impact of terrain. The most crucial thing is that coal mining can be completed without manual labor, saving support costs. This mining method reduces the possibility of casualties and greatly improves the safety of coal mining .

2.3.2 Mechanized underground coal mining technology
Mechanized coal mining is the trend of future coal mining. Mechanized coal mining reduces the labor burden of coal miners, and most importantly, reduces the danger of coal mining. The safety factor of coal miners will be greatly improved. The traditional mechanized coal mining technology in China is a single drum type, but now China does not often use this method. The drum type is also divided into two types, one is a single drum type, and the other is a bidirectional drum type. The commonly used mechanized coal mining technology now is the bidirectional coal mining technology. This technology can be used for coal loading, as well as for bidirectional and unidirectional coal cutting. Mechanized coal mining technology is similar to fully mechanized mining, but compared to fully mechanized mining, traditional mechanized coal mining has lower efficiency but higher cost-effectiveness. It can also be applied to complex terrain environments, which cannot be achieved by fully mechanized mining.

2.3.3 Comprehensive mechanized coal mining technology
Comprehensive mechanized coal mining technology, abbreviated as comprehensive mining, can successfully meet the requirements of mechanized continuous coal mining. This method greatly improves the efficiency of coal mining and improves the safety of coal miners. Although comprehensive mechanized coal mining technology has many advantages, it also has many limitations. This method requires high mechanical equipment and terrain, which is relatively high compared to traditional mechanized coal mining. Generally, small enterprises cannot bear such high costs. Therefore, this method is generally applied to large and medium-sized enterprises, which have strong funds, As long as the efficiency of coal mining is improved, for large and medium-sized enterprises, the cost of coal mining will naturally be relatively small. However, small enterprises cannot afford it, so many small enterprises still use traditional coal mining methods or traditional mechanical coal mining technology.

2.3.4 Blasting coal mining technology
Blasting coal mining is the process of using explosives or detonators to blast open a coal mine and then the coal falls down. The blasting coal mining technology is divided into two stages, one is drilling, and the other is coal falling. The process of drilling requires precise calculation, and then selecting appropriate detonators and explosives to meet the requirements of coal falling. During the explosion process, it is necessary to ensure the stability of the mine, so the blasting process needs to be quite precise in order to meet the requirements.

2.4 Common problems

2.4.1 Serious damage to water resources
Coal and water resources are found in a geological body. They have their own variation and function in nature. However, in the practice of coal mining, the funnel often appears, which can accelerate the flow of underground water and decrease the groundwater level significantly. This situation has disturbed the ecological balance of water resources. It is well known that freshwater resources are of great value. Because of the pollution and destruction caused by coal mining, the fresh water supply pressure will be increased, which is not good for economic and social sustainable development.

2.4.2 Serious damage to land resources
Nowadays, the traditional mining technology still occupies a relatively large proportion. Even the national key coal mines are mainly exploited by the long arm mining. The traditional mining method may result in widespread destruction of the ground plants and may result in ground subsidence. The ground subsidence not only leads to soil erosion and desertification, but also causes landslides and mudslides, which can cause irreversible damage to the ground vegetation and land resources. In the meantime, the goaf formed by mining can also have remarkable influence on the surface structure. Because of the phenomenon that the underground rock and soil layer will collapse, the stability of the building foundation will be seriously damaged, and the settlement and stress of the foundation will be greatly changed, which will greatly decrease the security of the building.

2.4.3 Incomplete gas treatment system with poor safety
Safety is the key to the successful operation of an enterprise, especially in the process of coal mining. But because of the limitation of the traditional coal mining technique, some coal mining enterprises are only concerned about the economic benefits, and they don't pay much attention to the safety problems. The safety accident caused by the inadequate execution of the safety work often happens in the coal mining enterprises. Safety accidents not only lower the productivity and operating efficiency, but also harm the safety of the miners, which is unfavorable to the long term development of enterprises. There are a lot of techniques involved in coal mining. Among them, gas treatment system is not to be looked down upon. Not only does the gas treatment system cause significant environmental pollution, but it also poses a major security risk because of its combustible properties. So it is very important to improve the gas treatment system. If the gas treatment system is not perfect, it might result in disaster or accident, which will influence the safe production of the company.

2.4.4 High coal production and high mortality rate
In the 21 st century, China has been the biggest coal producer in the world, and its output rose from 990 million tonnes in 2000 to 2.33 billion tonnes in 2006. In 2006, the death rate was 5.56 in the small coal mines, 2.81 in the local key coal mines and 0.96 in the state-owned big coal mines. Mortality is almost 100 times higher in the United States, almost 10 times in Russia, and almost 12 times in India.

2.5 Strategies for Solving Problems

2.5.1 Choose coal mining technology based on actual situation

There are many types of coal mining technologies in China, including blasting mining, hydraulic mining, and comprehensive mechanized coal mining. With the development of the mechanical manufacturing industry, China's coal mining relies increasingly on machinery. When coal mining, the most suitable coal mining technology should be selected based on the actual situation. Before coal mining, the geological conditions near the coal mine should be surveyed. If there are abundant groundwater or faults near the coal mine, blasting mining technology is not suitable, which can easily lead to coal mine collapse events. Some managers of coal mining companies believe that the higher the level of mechanization in coal mining, the better. However, for some small coal mines, high levels of mechanization can increase costs and reduce profits. Therefore, before conducting coal mining, it is necessary to comprehensively consider the location, geological conditions, scale, etc. of the coal mine, select the most suitable mining method, and improve economic benefits.

2.5.2 Improving Coal Mine Extraction Rate

The phenomenon of waste in the coal mining process in China is very serious, leading to low coal mining efficiency. To complete the same task, more labor must be invested, which will increase costs. Therefore, to improve the output rate of coal mining, it is necessary to reduce waste in the coal mining process, in order to improve the efficiency of coal mining enterprises.

2.5.3 Enhancement of security technology

The frequent occurrence of coal mining accidents in China is related to the technological level of the country. Additionally, some enterprises only focus on improving efficiency and ignore the safety of coal mining workers. Coal miners are generally farmers, and their safety awareness is not high, which can easily lead to accidents. So we need to strengthen education, improve the quality of enterprise leaders, and enhance the safety awareness of the working people. Only in this way can we fundamentally solve the problem and ensure the safety of people's lives and property.

3.The concept and characteristics of unmanned working surfaces
Unmanned mining is defined as [1,2]: the application of current state-of-the-art technologies, including underground communication, location, process design, monitoring and control systems for mining installations and systems. Mining technology consists of auto-drilling, auto-charging and blasting, auto-loading, auto-transporting, auto-unloading, auto-supporting and so on. It is based on high speed underground communication systems and high precision underground positioning and guidance systems (required to achieve mm). Domestic scholars have defined unmanned coal mining as: workers do not appear in mining face, but operate and control machinery and electrical equipment outside the mining face, and accomplish all kinds of operations, such as cutting, loading, transporting, supporting and working in the working face [3].
Unmanned automatic working face has its own features and meanings in different countries, times and geological conditions. In foreign countries, the main research focuses on metal mines and open pit mining, whereas in China, the research is mainly concerned with the problem of thin coal seams. In order to deal with the complicated geological conditions in China, this paper puts forward the definition of the modern unmanned working face: under the protection of the safety expert system of the working face, remote control of the key production facilities by wire or wireless means, its working conditions are monitored, and automatically locating and navigating the coal cutting equipment (coal planer or shearer), the automatic recognition of coal cutting equipment, the hydraulic support hydraulic control technique, the scraper conveyor automatic pushing technique, the working face automatic monitoring and monitoring technique are adopted. Only when the equipment fails, the maintenance staff will come to the working face to ensure high productivity, efficiency and security.
Modern unmanned working face is defined on the basis of advanced technology and specific application background, which has its own features.
1) Wide mining range
Including thin, middle, thick, and extra thick coal seams, it can realize unmanned coal mining with thin seam planers, full-height unmanned automatic mining of middle and thick coal seam, and unmanned top-coal caving mining.
2) As a liberating layer
Using unmanned working face to mine high-gas coal seam, to realize the prerelease of gas, decrease the concentration of gas, and guarantee the safety of production.
3) Combining traditional processes with automation technology
Based on traditional coal mining technology, it has enriched and improved traditional mining levels, management models, organizational structures, and mining processes.
4) Scientific mining technology
Unmanned working face is implemented in advanced and integrated roof surveillance system, security expert system, disaster forecast and alarm system. Based on the scientific mining idea, it can realize the reasonable allocation of resources and realize the goal of zero mortality.
5) Highly automated, informationized, high-yield, and efficient
The whole process uses the advanced automation technique and the high power equipment, has the high automation level, the productivity is big, the efficiency is high.

4.The concept and characteristics of unmanned mining technology in coal mines.
Under the background of fast industrialization, many countries have been deepening their research on coal-mining technology, especially in the rapid development of technology. Unmanned face mining technique is being used in the daily production of coal mining enterprises. Unmanned mining technology in coal mine is the transmission of monitoring information by wire or wireless means, and the relevant production equipment is controlled on the basis of working face safety system. Usually, the mining techniques of unmanned coal mining face include self-locating and navigating technique, coal-rock recognition technique and auto-monitoring technique. [5]. The application of unmanned mining technology in coal mines can not only realize the automation of machinery and equipment, but also optimize the operation process, so as to realize the intelligent and unmanned coal production target.


4.1 Wide mining range of coal seams
In the traditional coal mining technology, the mining range of coal seam is very narrow, and it is compensated by using unmanned working face mining technique. Unmanned working face technique can be used to penetrate all kinds of coal seams, such as thin, middle, thick, and extra thick. Moreover, the mining technique and difficulty of each coal seam are different. Thin coal seam is the easiest, and it can be finished with an automated machine. Medium thick coal seam can be used for one time. Very thick coal seam is difficult, so it is necessary to use unmanned top-coal caving.

4.2 High safety
Because of the limitation of the traditional coal mining technology, the equipment of coal mining is lagging behind, the infrastructure is not complete, and the safety hazard is obvious. Safety problems are frequent. Among them, gas explosion is one of the most common problems, which poses a serious threat to the safety of miners. Using unmanned working face mining technique, a lot of gas can be released ahead of time, so that the gas concentration can be decreased, so that the possibility of explosion can be reduced. Furthermore, the UAV technology usually adopts remote control in the application process, and does not require people to work near the field, so the security of coal mining is greatly increased.

4.3 Advanced technology and high level of automation
Based on the defect of traditional coal mining technique and keeping the traditional mining technique, it combines a lot of modern technology elements and makes more intelligent operation. As a result, the technology is advanced and the level of automation is high.



5.Key Technologies for Unmanned Face Mining in Coal Mines

As for the features of unmanned coal mining, there is a close relationship between them and geological conditions. All in all, it is based on the whole working face system. It uses wireless or wired method to transfer the monitoring information and control the key production equipment. The whole process involves many techniques and specialties, such as self-locating and navigating, automatic pushing of scraper conveyer, coal and rock recognition. By cooperating with each other, we have accomplished the automation of the mining work of unmanned working face, and dynamic optimization of the whole operation process. Unmanned mining techniques in coal mines are characterized by high safety, wide mining scope and high technology level. Using this technique, it is possible to realize the prerelease of gas in the coal seam, and to keep the gas concentration in the working face within a safe range, and to improve the safety of mining. Unmanned face mining is characterized by its wide range of mining areas, including thin, middle, thick and very thick layers. Thin coal seam can be finished by unmanned auto ploughs, while medium or thick layers need to be manually operated. Moreover, the technique is based on the traditional mining technology and the integration of advanced production techniques. Through the deep study of mining methods, equipment, and production organization, we make use of the automation technique and the new mining equipment, so as to realize the intelligent coal mining and increase the productivity.

5.1 Automatic identification technology for coal and rock
Coal and Rock Automatic Recognition Technology is the technique of automatic analysis and identification of coal and rock structure by using special visual technique. With the advancement of technology, the technology of automatic recognition of coal and rock has got a great improvement. Coal and Rock Automatic Recognition Technology consists of Storage Program Control System and Vibration Spectrum Sensor System. By applying the techniques of noise, ultrasound, radar, and other techniques, it is possible to automatically identify coal and rock [6]. But its shortcoming is that it is not able to recognize complicated coal and rock conditions at present, so it is necessary to improve the resolution of coal and rock sensors. In order to make full use of the radar detecting technique in unmanned coal mining, we must improve the whole quality of the recognition system.
There are over 20 kinds of sensing mechanisms in the automatic identification system and altitude adjusting system, such as the memory program control system, the vibration spectrum sensing system, the natural gamma radiation, the force measuring picks, the isotopes, the noise, the IR, the UV, the UV, the RF, the RF, the RF, the IR, the IR, the IR, the IR, the IR, the IR, the IR, the IR, the IR, the IR, the IR, the IR, the IR, the IR, the RF, However, because of the complexity of the coal and rock joints, it is difficult to distinguish the coal rock boundary precisely and reliably by human method. So far, these techniques have not been fully utilized. Therefore, the development of high accuracy and high resolution coal rock boundary identification equipment is the key to realize the automatic height adjustment of coal mining drum. Recently, the technology of coal mining has developed from a certain resolution to a computer control center. The intelligent PNC system and its control device based on memory are widely used in coal mining, and they are also the key technical standards of ordinary airplane models. Radar detecting system is a promising technique in the future.

5.2 Automatic positioning technology for coal mining machines
As a precondition of unmanned mining, the application of auto-locating technique can raise the technology level of coal mining effectively. But at present, the technology of this field is relatively backward, and there has not been a major breakthrough. In order to solve this problem, we have to make great efforts to develop appropriate positioning systems. The automatic location technique of coal mine machine includes: (1) Construct the power model. Because of the complicated working environment, the movement of the machine is easy to be influenced by the mining route and the characteristics of the coal. Affected by these factors, it is easy to change the moving state of the machine. Under such circumstances, it becomes more complicated to accurately grasp the velocity, position, and other movement conditions of a coalminer. Therefore, building the power model of a coal miner, simulating the influence of various factors on the moving state of the machine and determining the moving state of the machine have become the key techniques. (2) Data calculation. In order to build the power model of a coal-mining machine, a great deal of data is needed to carry out the model analysis. Therefore, it is very important to enhance the study of high efficiency data processing and to solve the problem of computing precision. (3) A model of error compensation is built for the computation of aircraft model. Due to the effect of the working environment, the inertia sensor may produce some errors, which may influence the precision of the computing system. Therefore, the optimum estimation of target location is needed, and the influence of sensor error on location is minimized, and the precision of the forecast system is increased. (4) Navigational system. Nowadays, the navigation system of unmanned coal mining face can be realized by high precision electronic map. In the concrete running course, we must make sure that the coal miner is on the predetermined track, and the track data is known. Continuous optimization and adjustment of the actual moving state of the machine to make sure it is on the right path.

5.3 Database Technology
Because of its strong data-handling ability, it is widely used in every field, and it has become a necessary technique in the field of unmanned coal mining. Based on the theory of database technique and the concrete process of unmanned mining, the related database is built, and the data is processed and processed. Database technology can provide us with convenient data query and analysis.

5.4 Bidirectional high-speed communication technology[7]
The two-way high speed communication technique can be used to collect and transmit all kinds of environment parameters, equipment working conditions, and so on and so on, so as to realize two-way communication and sharing. The two-way high speed communication technology allows the information from the ground to the ground to allow the technicians to better organize their work. Unfortunately, the technology of bi-directional high speed communication is not yet up to date, and it is in urgent need of improvement.

5.5 Memory coal cutting system. 
The paper analyses the concrete conditions of the working face, and uses the memory coal cutting method to control the shearer to realize the automatic coal cutting. In the course of work, the coal miner is working face mining. As the density layer moves toward it, the driver controls the drum to finish the first round cutting along the working surface. Among them, a special sensor is used to gather the speed, state and location of a coal miner, and a special transmission line is used to transfer all kinds of data to the controller computer. Once the coal is cut on the working face, the machine will automatically change to the automatic cutting state. In this case, the coal miner can use simple reasoning method to determine the front top and bottom of the board according to the data collected and stored in the controller computer, and the variation tendency of the top and bottom board geometry. At last, it realizes the automatic adjusting function of the machine, and realizes the goal of automatically cutting coal by adjusting the roller's height and direction.
5.6 Hydraulic control system. 
The hydraulic control system is composed of the internal safety signal converter, the hydraulic hydraulic control unit, the traveling sensor, the infrared receiver and so on. Different parts have different functions, and they work in concert to ensure that the operation of the hydraulic control system is properly reflected [8]. The functions of the hydraulic control system can be found in three aspects, that is, non-auto control of single support, group auto control, and automatic sequence linkage of single support column lowering, moving, and lifting. The control system can automatically control the support according to the position of the coal miner, and the support can be used to replenish the pressure automatically in the process of unloading. Moreover, the hydraulic control system can also send and receive information from other systems, and deal with all kinds of data.

[bookmark: _Hlk145695514]5.7 Hydraulic support tracking automation system. 
Hydraulic support control system is used to collect and transmit information by infrared detecting device, and then send it to the controller's master computer. Through the internal procedure, the host automatically sends out the relevant control instructions, so that the relevant support controller can perform the corresponding action and finish the coal mining operation automatically. Throughout the whole process, the operator only has to finish all kinds of parameters on the controller. On the basis of the above, the master computer of the working face controller can finish the instruction of the relative action, and the corresponding coal miner can accomplish the mining goal by carrying out the action.

6. Unmanned working face system model

Unmanned working face is a complicated system engineering, which is concerned with the intercross and integration of different fields. The realization of unmanned working face requires a great deal of human, physical and financial resources. Looking at the present situation of coal mining technology, it contains many subsystems. Based on its function and data flow, it can be divided into: 3 automatic control system, 3 working state detecting and diagnosing system, dust, water, shock and explosion prevention system, working face disaster forecast and forecast system, "Coal Mining Environment" security expert system, Coal Mining Process Intelligence System, Digital Display and Update System, Mining Simulation System and Decision Simulation System.

[bookmark: _Hlk145695571]6.1 Three machine automatic control system
There are three kinds of machines in the working face: Coal Miner, Hydraulic Bearing, and Scraper Conveyor. The realization of automatic control is the base of realizing unmanned working face. Shearer is the key part of unmanned working face. The key technique is to research the automatic control system for coal seam. The automatic control system of coal mine machinery consists of self-locating and navigating system, and automatic height adjusting system. High speed and accurate self-positioning and navigation technology is the key to realize the automatic control system of the coal-mining machine. Hydraulic support electrohydraulic control system is a kind of advanced support control method, which integrates mechanics, hydraulics, electronics, computer and communication. It can achieve the automatic automatic control of pulling, sliding, striking, recovering and spraying, and automatic controlling of hydraulic support. The new type of smart scraper conveyor has achieved a lot of progress in all aspects, and is now the most advanced one in the world. It has realized the automatic push control, and is developing toward large scale, intelligence, reliability and standardization.

6.2 Three machine working condition detection and fault diagnosis system
The automatic testing and fault diagnosis system of the three machines can be used to ensure the safety of the working face. The intelligent detecting technique of shearer is up to a high level. DBT, Jiuyi, Daliuta Mine, Dongtan Mine, Sihe Mine, and other companies of the new electric traction shearers are equipped with a micro-processor. Voltage, current, insulation, traction force, and orientation are installed on the shearer Sensors such as position, flow, pressure, temperature, humidity, rotational speed, rocker angle, and body inclination can be used to detect the parameters of 169 coal-mining machines. Over 90% of the failure of hydraulic support is due to leakage of hydraulic system. At present, the technology of automatic detecting and diagnosing of leakage of hydraulic system in China is relatively mature. The fault diagnosis and operation monitoring technique of the scraper conveyor can be used to monitor the running state of each part of the conveyor, diagnose the trouble and give the warning. Meanwhile, in order to solve the startup, power balance, overload protection, and suspension problems of scraper conveyor, domestic and international companies have developed a variety of controllable driving devices and automatic chain adjusting devices. The CST controlled driver, ACTS automatic chain adjusting device, and working state monitoring system have been developed.
6.3 Disaster Forecasting System
Using a variety of sensors to measure the thickness and variation of the coal seam, the composition and space distribution of the upper and lower shales, the structure (faults and folds), the hydrogeology of the mine, the geological anomalies of the coal seam (igneous rock intrusion, karst collapse pillar and coal seam erosion), the earth's crust stress, the ground temperature, the working face roof condition, the gas explosion, the geothermal danger, the earthquake, the water inrush, the monitoring of the coal and gas outburst, the transmission of the monitoring information to the control center, the geological data and the geological information processing system to provide the geologic data and the analysis judgment, the working face can be guaranteed, so that the mining face can not be met with the complicated and chaotic geological conditions, and the security of all kinds of sensors and precision devices in the ground.
6.4 "Coal Mining Environment" Safety Expert System
The Expert Reliability System Model of "Coal Mining Environment" provides a reliable security system for the unmanned working face, which guarantees high productivity, high efficiency and reliability. It can determine the state of the mechanical and electrical equipment and its environment, and rapidly gather all kinds of data for analyzing, diagnosing and predicting, so as to make the machine operate in optimum condition.
The factors that influence the reliability system are analyzed comprehensively, including environment and machinery, which make up the environment system and the mechanical system. The environment system consists of static and dynamic elements. Ground temperature, roof water pouring, roof loose, floor loose, fault, gas, thickness of coal seam, dip angle, etc., are all static geologic factors, but they are random and dynamic. There are three kinds of automatic matching and reliability of coal mining technology system. High automation, high power and high efficiency are the most important features of unmanned working face. So, not only geometry matching, performance matching, production capacity matching, life span matching, but also automatic matching. Working face and environment system cross each other to form a "three-machine surrounding rock" system.
6.5 Intelligent system for coal mining process
The automation level of the fully mechanized high productivity and high efficiency working face has been raised continuously, and the production process of the working face has reached the automation level. In the automatic production system, the main equipment is the coal cutter, the hydraulic support, and the scraper conveyor. These three kinds of devices are independent from one another, and they are controlled individually in accordance with some principles. They can be automated, efficient and safe. All these have established the basis for the automation of coal mining in unmanned working face. Along with the development of the built-in multi-function microprocessor, the intelligent control shearers, and the automatic integrated control system for the fully mechanized working face, the dynamic control and fault handling ability of the shearers has been improved. The operating conditions of the shearers (cutting speed, rolling position, crushing position) can be changed according to the change of geological conditions. For example, when the top board is not good, the stress status of the support is changed, and the moving speed, the speed of the coal cutter and the depth of the coal miner will be adjusted automatically. The coal discharge port can automatically control the quantity of coal in accordance with the coal discharge method, the arrangement of the coal and the discharge time. The automatic adjusting system of the working face ensures that the working face is operating in the optimum condition, which guarantees harmony, safety and reliability.

6.6 Mining simulation system
In this paper, a 3D mining simulation system is developed, which is based on VR technology, which can simulate the operation process and process equipment. The operator can interact with the system, and can enter any region of the system simulation at any time. The system can recognize objects, input and deal with all kinds of information, control the movement of objects, simulate the laws of nature, and determine the space condition. The main characteristic of this system is that it creates a 3D environment that closely matches the real conditions of mining. Through the computer, the operation plan of the production system, the dynamic display of the various equipments, and the concrete operation parameters of the equipment are obtained, including the operation time, the production yield. For the production system with different equipment models and mining parameters, dynamic simulation can be carried out for the optimization and evaluation of the production system.

6.7 Decision Simulation System
The decision simulation system is a kind of intelligent multi level structure, which integrates geology information, equipment data base, all kinds of control and control system, software system and model, and realizes the optimal decision of mining process and equipment. Furthermore, the design optimization and decision system has the ability to think logically, visually and visually, and even creative. It can react rapidly to the change of working face's production state and find the optimal solution.


7. Build an automatic recognition system for coal mining face flames

The background of this study is to develop an automatic flame recognition system for coal mining faces, which can accurately recognize flames in 244 different scenarios. The background of this issue is that in coal mining faces, timely identification of flames is crucial for safety and production. To solve this problem, we adopted deep learning technology and used a large amount of flame image data for model modeling and training.
The main goal is to construct and train a basic convolutional neural network (Baseline) to recognize flame images. The code is divided into several key steps, first data preparation and exploration, second model definition and training, and finally performance evaluation. The following is a summary of the code implementation:
Data preparation and exploration: The code began to import the necessary Python libraries and set random seeds to ensure the repeatability of the results. Using walk_ Through_ The dir function is used to count the number of directories and images in the dataset, in order to understand the organizational structure of the dataset. Subsequently, the folder path containing both flame and non flame images was specified, and one flame image and one non flame image were randomly selected for display. In addition, image conversion operations have been defined, including size adjustment and data enhancement.
Model definition and training: After data preparation, the code creates a simple convolutional neural network model (Baseline). This model includes two convolutional layers and one fully connected layer for image classification tasks. Next, the training function train was defined, which includes the cycles of training and validation, as well as the calculation of loss and accuracy. The model was optimized using the Adam optimizer, with a loss function of binary cross entropy. The model underwent multiple cycles of training on both the training and validation sets, and the losses and accuracy were recorded at the end of each cycle. Through the early stop strategy, the model selected the model weight with the best performance on the validation set and saved the model.
Performance evaluation: Finally, the code evaluates the performance of the model by drawing loss and accuracy curves. These curves reflect the performance changes of the model during training and validation. From the output results, it can be seen that the model continuously improves in the initial few cycles, but after reaching the peak performance, the performance tends to stabilize. When the optimal validation loss (0.1792) occurred in the 8th cycle, the training of the model was stopped early because subsequent performance improvements were not significant.
Experimental results: In this study, we trained two different flame image classification models: baseline model and transfer learning model. The results showed that the best transfer learning model had excellent prediction performance in coal mining face fire images, with a prediction accuracy of over 0.9 for each image. This means that our model can highly reliably identify flames in practical applications, providing an automated safety monitoring system for coal mining faces. Compared with the baseline model, the transfer learning model has significantly better performance, higher accuracy, and generalization ability, which further emphasizes the effectiveness of transfer learning in dealing with this complex problem.

7.1 Import the corresponding library
Firstly, the code starts importing the necessary Python libraries, including PyTorch, Pandas, Numpy, Matplotlib, etc., as well as some libraries for image processing, such as PIL (Python Imaging Library).
Subsequently, in order to ensure the repeatability of the results, random seeds were set up. The setting of random seeds is important for deep learning tasks, as it ensures that the random numbers generated each time the code is run are the same, making the experimental results reproducible.



7.2. Reading Data
Subsequently, through the walk_ Through_ The dir function traverses the specified directory and its subdirectories, with the aim of counting the number of subdirectories and images in each directory. This helps to understand the organizational structure and scale of the dataset.


Next, set the data folder path fire_ Dir and non_ Fire_ Dir, these paths point to folders for flame and non flame images used to train deep learning models.


Randomly selected a flame image and a non flame image, and displayed their information, including image path, category, and image size. This is a part of data exploration that helps to understand the characteristics of the dataset.



7.3. Data preprocessing
In the data preparation section, the image conversion operation data is defined_ Transform, which includes resizing the image to 128x128 pixels, randomly applying some data augmentation operations (such as rotation, flipping, etc.) to increase data diversity, and scaling pixel values to 0 to 1 for model training
Subsequently, the original image and the converted image were presented to visually compare the effects of data enhancement. 
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Next, the root directory of the dataset was defined and an ImageFolder dataset object was created, which is used to load image data and assign labels to each category. This is to prepare data for model training purposes


Then, the dataset is divided into training, validation, and testing sets, typically using a ratio of 70% training, 15% validation, and 15% testing. In order to better control data augmentation, a data subset class called MySubset is customized, which is used to apply data conversion operations on the training and validation sets, but not on the testing sets.


Use PyTorch's DataLoader to batch load data for training and validating the model. Setting the batch size to 32, which is a common choice.

 
Next, a simple convolutional neural network model Baseline was defined, which includes two convolutional layers and a fully connected layer. This is a benchmark model for comparison with subsequent transfer learning models

7.4. Model Modeling


After the model definition, the train function of the training loop was implemented, which includes the training and validation loops, as well as the calculation of loss and accuracy. It also implements early stop and model checkpoint functions to stop or save the best model as early as possible during training.

7.5. Defining Training Strategies


Subsequently, the Baseline model was trained and the loss and accuracy curves during the training process were plotted for model performance evaluation.
Baseline model training


In this work, we first constructed a convolutional neural network (CNN) model called "Baseline" to classify flame images. 
Convolutional Neural Network (CNN) is a deep learning model primarily used for computer vision tasks such as image classification, object detection, and image segmentation. CNN's design inspiration comes from the working principles of the human visual system, which can effectively learn features in images and perform advanced visual task processing. The working principle and structure of CNN will be described below.
The core idea of CNN is to extract features from images through convolution operations. Convolutional operation is a locally aware operation that involves sliding a filter (also known as a convolution kernel) on the input image, performing convolution operations on the local area and the filter to generate a feature map. This process can capture local features in the image, such as edges, textures, etc. Multiple filters can be applied simultaneously to generate multiple feature maps, each corresponding to a different feature.
CNN typically consists of multiple convolutional layers, pooling layers, and fully connected layers. Convolutional layers are used to extract features from images, pooling layers are used to reduce the size of feature maps and retain the most important information, and fully connected layers are used to map extracted features to output categories or perform other tasks.
The following is the basic structure of the CNN model:
Input layer: The input of CNN is usually an image, represented in a matrix form, with each element representing the pixel values of the image. Usually, input images are standardized for better processing in the model.
Convolutional layer: Convolutional layer is one of the core components of CNN. Each convolutional layer contains multiple filters that slide on the input image through convolutional operations to generate feature maps. Each filter can learn different features, such as edges, textures, etc. By stacking multiple convolutional layers, the model can extract higher-level features.

Activation function: After the convolutional layer, nonlinear activation functions such as ReLU (Corrected Linear Unit) are usually applied to increase the nonlinear representation ability of the model. ReLU turns negative values to zero and retains positive values, which helps the network learn more complex features.
Pooling layer: Pooling layer is used to reduce the size of feature maps, reduce computational complexity, and retain the most important information. Common pooling operations include maximum pooling and average pooling, which select the maximum or average values in each pooling window.
Fully connected layer: After convolutional and pooling layers, a fully connected layer is usually added. The fully connected layer flattens the feature map into a one-dimensional vector and connects it to the output layer through a weight matrix to perform the final classification or regression task.
Output layer: The structure of the output layer depends on the specific task. For example, for image classification tasks, the output layer typically includes a softmax function that converts the model's output into a category probability distribution.
CNN is trained through a backpropagation algorithm to optimize model parameters to minimize the loss function. Common loss functions include cross entropy loss function for classification tasks and mean square error loss function for regression tasks. In order to improve the performance and generalization ability of CNN models, common techniques such as batch normalization, dropout regularization, and data augmentation can also be employed.
By conducting multiple rounds of training on the model and evaluating its performance on the training and validation sets, the researchers obtained a series of training results, as follows:
In the initial training stage of the model, the results of the first cycle showed a training loss of 0.5361, while the training accuracy reached 0.7539. On the validation set, the loss is 0.4061 and the accuracy is 0.7761. This indicates that the model demonstrated a certain level of classification ability during initial training, but its performance needs further improvement.
As the training continues, the performance of the model gradually improves. In the second cycle, the training loss decreased to 0.3688, the training accuracy improved to 0.8289, while the validation loss decreased to 0.2509, and the validation accuracy increased to 0.8943. This indicates that the model has significantly improved its classification ability for flame images, especially on the validation set.
The third cycle continues to show the optimization trend of the model, with training loss decreasing to 0.2533, training accuracy reaching 0.8987, validation loss further reducing to 0.2130, and validation accuracy reaching as high as 0.9347. This indicates that the model has high performance in the classification task of flame images.
Although the performance of the model fluctuates significantly in subsequent cycles, it remains at a relatively high level overall. In the eighth cycle, the model achieved the optimal validation loss of 0.1792, training accuracy of 0.9188, and validation accuracy of 0.9284.
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Next, the code imports the weights and data transformations of the pre trained MobileNetV3 Small model, which is a transfer learning method. Transfer learning can utilize the features learned by pre trained models on large-scale datasets to improve model performance. Here, we adopt the MobileNet architecture to implement migration learning.
MobileNet is a lightweight convolutional neural network (CNN) architecture designed to achieve efficient image recognition and computer vision tasks on mobile devices with limited computing and memory resources. The design inspiration for MobileNet is to reduce the size and computational complexity of the model, making it suitable for mobile devices while maintaining good performance. The following will provide a detailed introduction to the background, architecture, and applications of MobileNet.
Background:
Performing computer vision tasks on mobile devices is a challenging task. Traditional deep learning models such as VGG, ResNet, and Inception perform well in accuracy, but they typically have a large number of parameters and high computational complexity, making them unsuitable for deployment on mobile devices with limited resources. The development of MobileNet aims to address this issue and make deep learning feasible on smartphones, embedded systems, and IoT devices.
Architecture:
MobileNet adopts a series of innovative design strategies to reduce model size and computational costs while maintaining high recognition performance. The following are the main architectural features of MobileNet:
Deepwise Separated Convolution: MobileNet uses deep separable convolution to split standard convolution operations into two independent steps: deep convolution and point by point convolution. This reduces computational complexity, reduces the number of parameters in the model, while maintaining good feature extraction capabilities.
Width Multiplier: MobileNet introduces a hyperparameter that allows users to control the width of the model based on resource and performance requirements. By scaling the number of channels in the model, a balance can be achieved between model size and accuracy.
Resolution Multiplier: MobileNet also introduces another hyperparameter to control the resolution of the input image. Reducing resolution can reduce computational costs and adapt to different application scenarios.
Linear activation: MobileNet typically uses the linear rectification activation function (ReLU6), which is an activation function suitable for low bit depth hardware and helps reduce memory usage and computational complexity.
Application:
MobileNet has a wide range of applications in lightweight deep learning tasks on mobile devices, including but not limited to the following areas:
Image classification: MobileNet can be used for image classification tasks, identifying objects, animals, and scenes.
Object detection: Combined with object detection algorithms, MobileNet can be used to locate and recognize objects in images.
Face recognition: Face recognition applications on mobile devices can use MobileNet to achieve efficient face detection and recognition.
Real time filters and augmented reality: MobileNet can be used for real-time filter applications and augmented reality applications, providing information or enhancing user experience by recognizing objects and features in the environment.

Then create a new dataset object and apply the same data transformation as the pre trained model for transfer learning tasks.
Then, the weights of the pre trained model were loaded and the model was fine-tuned, including redefining the classification layer to adapt to the new task.
Finally, the transfer learning model was trained and the loss and accuracy curves during the training process were plotted for performance evaluation.

In this study, we demonstrated the significant advantages of transfer learning in flame image classification tasks by comparing the training results of baseline models and transfer learning models
The following is a comparison of the training outcomes between the baseline model and the transfer learning model, and the reasons for the comparison:
The training results of the baseline model show that in the initial stage, the training accuracy and validation accuracy are relatively low, with values of 0.7539 and 0.7761, respectively. This indicates that the performance of the baseline model in flame image classification tasks needs improvement. As the training continues, the performance of the baseline model gradually improves, but there are still some signs of overfitting, such as higher training accuracy than validation accuracy. In the end, the baseline model achieved the optimal validation loss of 0.1792 and validation accuracy of 0.9284 in the 8th cycle. However, this performance level is relatively low and may not be sufficient to meet the needs of practical applications.
In contrast, the training results of the transfer learning model demonstrate significant advantages. The transfer learning model achieved high validation accuracy (0.8938) in the initial iteration, and its performance continued to improve as the training progressed. In the 48th cycle, the transfer learning model achieved the optimal validation loss of 0.0755 and validation accuracy of 0.9750, indicating significant performance improvement in flame image classification tasks.
The comparison results of these two models indicate that the transfer learning model exhibits significant advantages in dealing with flame image classification problems. Its performance not only exceeded the baseline model in the initial stage, but also maintained high accuracy in subsequent training without overfitting issues. The reason for this advantage is that transfer learning can fully utilize the feature representations learned by the pre trained model on large-scale data, thereby reducing dependence on a large amount of annotated data and improving the model's generalization ability. Therefore, transfer learning provides an efficient and feasible solution for flame image classification problems, which is expected to achieve good results in practical applications.
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Finally, a function pred was defined_ And_ Plot_ Image, this function is used to predict a custom image and label the predicted results on the image and probability. This function can be used to classify new images in practical applications.


The complete code is as follows： 
8.Conclusion
Nowadays, technology is the most important productivity in the world, so it is necessary to use unmanned coal mining technology to raise the productivity of coal industry. Therefore, it is necessary to strengthen the research and application of unmanned face mining technology, to improve the technology level, and thus to improve the competitive power of the coal industry.
According to the theory of science mining, this paper researches the unmanned mining technology in the modern coal mine, and gets the following conclusions.

1) Based on the current situation of automation of fully mechanized mining face, the paper points out that the development of unmanned mining technology is a key method for the safe production and sustainable development of coal industry.

2) Analysis of unmanned mining technology at home and abroad, put forward the definition of unmanned working face, set up the system model and technology frame, and researched the developing situation of every subsystem, as well as the key techniques in realizing the unmanned working face.

3) An initial technology development system of unmanned working face is set up, which provides the research thinking and theory framework for the exploitation of unmanned mining equipment and the implementation of "digital mine".

Finally, in this study, we used two models, baseline model and transfer learning model, to simulate training separately. By comparing the training losses and accuracy of the baseline model and transfer learning model, we demonstrated that transfer learning has more advantages in flame image classification tasks.
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code2.docx
In [10]:

#define function that walks through each directory and subdirectory

def walk_through_dir(dir_path):

for dirpath, dirnames, filenames in os.walk(dir_path):

print(f"There are {len(dirnames)} directories and {len(filenames)} images in '{dirpath}'.")

walk_through_dir("/kaggle/input/fire-dataset/fire_dataset"





There are 2 directories and 0 images in '/kaggle/input/fire-dataset/fire_dataset'.

There are 0 directories and 244 images in '/kaggle/input/fire-dataset/fire_dataset/non_fire_images'.

There are 0 directories and 755 images in '/kaggle/input/fire-dataset/fire_dataset/fire_images'.
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In [11]:



#setup path for our data files

fire_dir = Path("/kaggle/input/fire-dataset/fire_dataset/fire_images")

non_fire_dir = Path("/kaggle/input/fire-dataset/fire_dataset/non_fire_images")

fire_dir, non_fire_dir



Out[11]:

(PosixPath('/kaggle/input/fire-dataset/fire_dataset/fire_images'),

PosixPath('/kaggle/input/fire-dataset/fire_dataset/non_fire_images'))
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In [12]:

#set seed

random.seed(seed)

#get all image paths from the fire file (* means "any combination")

fire_image_list = list(fire_dir.glob("*.*.png"))

#get random image path

random_fire_image_path = random.choice(fire_image_list)

#get image class from path name

fire_image_class = random_fire_image_path.parent.stem

#open image

img = Image.open(random_fire_image_path)

print(f"Random image path: {random_fire_image_path}")

print(f"Image class: {fire_image_class}")

print(f"Image height: {img.height}")

print(f"Image width: {img.width}")

img



Random image path: /kaggle/input/fire-dataset/fire_dataset/fire_images/fire.472.png

Image class: fire_images

Image height: 478

Image width: 730



Out[12]:
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In [13]:

random.seed(seed)

#get all image paths from the non-fire file (* means "any combination")

non_fire_image_list = list(non_fire_dir.glob("*.*.png"))

random_non_fire_image_path = random.choice(non_fire_image_list)

non_fire_image_class = random_non_fire_image_path.parent.stem

img = Image.open(random_non_fire_image_path)

print(f"Random image path: {random_non_fire_image_path}")

print(f"Image class: {non_fire_image_class}")

print(f"Image height: {img.height}")

print(f"Image width: {img.width}")

img



Random image path: /kaggle/input/fire-dataset/fire_dataset/non_fire_images/non_fire.64.png

Image class: non_fire_images

Image height: 394

Image width: 700



Out[13]: [image: ]
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In [14]:

#transforms.Compose allows us to package all of the transformations we want to perform on the imadata_transform = transforms.Compose([

#resize the images to 128x128

transforms.Resize(size=(128, 128)),

#randomly pick a transformation with a random magnitude and apply one transformation to one itransforms.TrivialAugmentWide(num_magnitude_bins=31),

#turn the image into a torch.Tensor and also converts all pixel values from 0 to 255 to be be transforms.ToTensor()

])





In [15]:

with Image.open(random_fire_image_path) as f:

#before transformation

fig, ax = plt.subplots(1, 2)

ax[0].imshow(f)

ax[0].set_title(f"Original \nSize: {f.size}")

ax[0].axis("off")

#after transformation

#PyTorch default is [C, H, W] but Matplotlib is [H, W, C]

torch.manual_seed(seed)

transformed_image = data_transform(f).permute(1, 2, 0)

ax[1].imshow(transformed_image)

ax[1].set_title(f"Transformed \nSize: {transformed_image.shape}")

ax[1].axis("off")



In [16]:

with Image.open(random_non_fire_image_path) as f:

fig, ax = plt.subplots(1, 2)

ax[0].imshow(f)

ax[0].set_title(f"Original \nSize: {f.size}")

ax[0].axis("off")

torch.manual_seed(seed)

transformed_image = data_transform(f).permute(1, 2, 0)

ax[1].imshow(transformed_image)

ax[1].set_title(f"Transformed \nSize: {transformed_image.shape}")

ax[1].axis("off")
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In [17]:

#define data root directory

root_dir = "/kaggle/input/fire-dataset/fire_dataset"

#you can also apply data transformation using the `transforms` parameter here

fire_dataset = ImageFolder(root_dir)



In [18]:

#the classes are the names of the files in the root folder

class_names = fire_dataset.classes

class_names



Out[18]:

['fire_images', 'non_fire_images']



In [19]:

#class names as a dict

class_dict = fire_dataset.class_to_idx

class_dict



Out[19]:

{'fire_images': 0, 'non_fire_images': 1}
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In [20]:

#split the dataset into training, validation and testing

train_dataset, valid_dataset, test_dataset = random_split(fire_dataset, [0.7, 0.15, 0.15], genera



In [21]:

len(train_dataset), len(valid_dataset), len(test_dataset)



Out[21]:

(700, 150, 149)



In [22]:

#define custom data subset

class MySubset(torch.utils.data.Dataset):

def __init__(self, subset, transform=None):

self.subset = subset

self.transform = transform

def __getitem__(self, index):

x, y = self.subset[index]

#if a transform argument is provided, apply the transformaiton to the subset

if self.transform:

x = self.transform(x)

return x, y

def __len__(self):

return len(self.subset)



In [23]:

#apply data transformation only to the training and validation dataset

train_dataset = MySubset(train_dataset, transform=data_transform)

valid_dataset = MySubset(valid_dataset, transform=data_transform)


image11.emf
code8.docx


code8.docx
In [24]:

#use DataLoader to load and group dataset into batches

batch_size = 32

torch.manual_seed(seed)

train_loader = DataLoader(train_dataset, batch_size=batch_size, shuffle=True)

torch.manual_seed(seed)

valid_loader = DataLoader(valid_dataset, batch_size=batch_size, shuffle=False)



In [25]:

#check that each batch contains 32 samples of images

img, label = next(iter(train_loader))

print(f"Image shape: {img.shape} -> [batch_size, color_channels, height, width]")

print(f"Label shape: {label.shape}")



Image shape: torch.Size([32, 3, 128, 128]) -> [batch_size, color_channels, heigh

t, width]

Label shape: torch.Size([32])
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In [26]:

#define architecture for our baseline CNN model

class Baseline(nn.Module):

def __init__(self, input_shape: int, hidden_units: int, output_shape: int) -> None:

super().__init__()

self.conv_block_1 = nn.Sequential(

#first convolution layer

nn.Conv2d(in_channels=input_shape, out_channels=hidden_units, kernel_size=3, stride=1nn.ReLU(),

#second convolution layer

nn.Conv2d(in_channels=hidden_units, out_channels=hidden_units, kernel_size=3, stride=nn.ReLU(),

#pooling layer

nn.MaxPool2d(kernel_size=3, stride=3)

)

self.classifier = nn.Sequential(

nn.Flatten(),

#we can find the number of layers checking the summary from torchinfo (example below)nn.Linear(in_features=17640, out_features=output_shape)

)

def forward(self, x: torch.Tensor):

return self.classifier(self.conv_block_1(x)) #leverage the benefits of operator fusion



In [27]:

torch.manual_seed(seed)

#instantiate baseline model

baseline = Baseline(input_shape=3,

hidden_units=10,

output_shape=1).to(device)

baseline



Out[27]:

Baseline(

(conv_block_1): Sequential(

(0): Conv2d(3, 10, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

(1): ReLU()

(2): Conv2d(10, 10, kernel_size=(3, 3), stride=(1, 1), padding=(1, 1))

(3): ReLU()

(4): MaxPool2d(kernel_size=3, stride=3, padding=0, dilation=1, ceil_mode=False)

)

(classifier): Sequential(

(0): Flatten(start_dim=1, end_dim=-1)

(1): Linear(in_features=17640, out_features=1, bias=True)

)

)



In [28]:

#see the outputs by feeding in a test pass

summary(baseline, input_size=[32, 3, 128, 128])



Out[28]:

===========================================================

=========

Layer (type:depth-idx) Output Shape Param #

===========================================================

=========

Baseline [32, 1] --

├─Sequential: 1-1 [32, 10, 42, 42] --

│ └─Conv2d: 2-1 [32, 10, 128, 128] 280

│ └─ReLU: 2-2 [32, 10, 128, 128] --

│ └─Conv2d: 2-3 [32, 10, 128, 128] 910

│ └─ReLU: 2-4 [32, 10, 128, 128] --

│ └─MaxPool2d: 2-5 [32, 10, 42, 42] --

├─Sequential: 1-2 [32, 1] --

│ └─Flatten: 2-6 [32, 17640] --

│ └─Linear: 2-7 [32, 1] 17,641

===========================================================

=========

Total params: 18,831

Trainable params: 18,831

Non-trainable params: 0

Total mult-adds (M): 624.47

===========================================================

=========

Input size (MB): 6.29

Forward/backward pass size (MB): 83.89

Params size (MB): 0.08

Estimated Total Size (MB): 90.25

===========================================================

=========


image13.emf
code10.docx


code10.docx
In [29]:

#define function for training and evaluating each epoch

def train_per_epoch(model, train_dataloader, test_dataloader, loss_fn, optimizer):

model.train()

train_loss, train_acc = 0, 0

#loop through data loader data batches

for batch, (X, y) in enumerate(train_dataloader):

X, y = X.to(device), torch.unsqueeze(y, dim=1).float().to(device)

#make prediction

y_logits = model(X)

y_pred = torch.round(torch.sigmoid(y_logits))

#calculate and accumulate loss

loss = loss_fn(y_logits, y)

train_loss += loss.item()

#calculate and accumulate accuracy

acc = (y_pred == y).sum().item()/len(y)

train_acc += acc

#update parameters

optimizer.zero_grad()

loss.backward()

optimizer.step()

#Calculate the average loss and average acc by batch (in one epoch)

train_loss = train_loss / len(train_dataloader)

train_acc = train_acc / len(train_dataloader)

### Testing Loop

model.eval()

test_loss, test_acc = 0, 0

with torch.inference_mode():

for batch, (X, y) in enumerate(test_dataloader):

X, y = X.to(device), torch.unsqueeze(y, dim=1).float().to(device)

test_logits = model(X)

test_pred = torch.round(torch.sigmoid(test_logits))

loss = loss_fn(test_logits, y)

test_loss += loss.item()

#calculate and accumulate accuracy

acc = (test_pred == y).sum().item()/len(y)

test_acc += acc

#Calculate the average loss and average acc by batch (in one epoch)

test_loss = test_loss / len(test_dataloader)

test_acc = test_acc / len(test_dataloader)



In [30]:

#setup ModelCheckpoint

def checkpoint(model, filename):

torch.save(model.state_dict(), filename)

def resume(model, filename):

model.load_state_dict(torch.load(filename))



In [31]:

#define train function

def train(model, train_dataloader, test_dataloader, optimizer, loss_fn, epochs, best_model_path):

results = {"train_loss": [], "train_acc": [], "test_loss": [], "test_acc": []}

#setup early stopping and model checkpoint

early_stop_threshold = 10

best_loss = float("inf")

best_epoch = -1

for epoch in tqdm(range(epochs)):

train_loss, train_acc, test_loss, test_acc = train_per_epoch(model=model, train_dataloade

print(f"Epoch: {epoch+1} | train_loss: {train_loss:.4f} | train_acc: {train_acc:.4f} | te

#update results dictionary

results["train_loss"].append(train_loss)

results["train_acc"].append(train_acc)

results["test_loss"].append(test_loss)

results["test_acc"].append(test_acc)

#EarlyStopping and ModelCheckpoint

if test_loss < best_loss:

best_loss = test_loss

best_epoch = epoch

checkpoint(model, best_model_path)

elif epoch - best_epoch > early_stop_threshold:

print("Early stopped training at epoch %d" % epoch+1)

break # terminate the training loop

print(f"Epoch with best loss: Epoch {best_epoch+1} at {best_loss:.4f}")

return results
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In [32]:

#set random seeds

torch.manual_seed(42)

torch.cuda.manual_seed(42)

NUM_EPOCHS = 10

#loss function and optimizer

loss_fn = nn.BCEWithLogitsLoss()

optimizer = torch.optim.Adam(params=baseline.parameters(), lr=0.001)

#train baseline model

baseline_results = train(model=baseline, train_dataloader=train_loader, test_dataloader=valid_loa



0%| | 0/10 [00:00<?, ?it/s]

Epoch: 1 | train_loss: 0.5361 | train_acc: 0.7539 | test_loss: 0.4061 | test_acc:

0.7761

Epoch: 2 | train_loss: 0.3688 | train_acc: 0.8289 | test_loss: 0.2509 | test_acc:

0.8943

Epoch: 3 | train_loss: 0.2533 | train_acc: 0.8987 | test_loss: 0.2130 | test_acc:

0.9347

Epoch: 4 | train_loss: 0.2040 | train_acc: 0.9113 | test_loss: 0.2401 | test_acc:

0.9159

Epoch: 5 | train_loss: 0.1881 | train_acc: 0.9158 | test_loss: 0.2069 | test_acc:

0.9159

Epoch: 6 | train_loss: 0.2108 | train_acc: 0.9109 | test_loss: 0.1844 | test_acc:

0.9347

Epoch: 7 | train_loss: 0.1986 | train_acc: 0.8998 | test_loss: 0.2060 | test_acc:

0.9563

Epoch: 8 | train_loss: 0.1775 | train_acc: 0.9188 | test_loss: 0.1792 | test_acc:

0.9284

Epoch: 9 | train_loss: 0.1672 | train_acc: 0.9416 | test_loss: 0.2142 | test_acc:

0.8972

Epoch: 10 | train_loss: 0.1635 | train_acc: 0.9310 | test_loss: 0.2715 | test_ac

c: 0.9222

Epoch with best loss: Epoch 8 at 0.1792
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In [33]:

def plot_results(results):

train_loss = results["train_loss"]

train_acc = results["train_acc"]

test_loss = results["test_loss"]

test_acc = results["test_acc"]

epochs = range(len(results['train_loss']))

plt.figure(figsize=(10, 5))

#plot loss

plt.subplot(1, 2, 1)

plt.plot(epochs, train_loss, label='train_loss')

plt.plot(epochs, test_loss, label='test_loss')

plt.title('Loss')

plt.xlabel('Epochs')

plt.legend()

#plot accuracy

plt.subplot(1, 2, 2)

plt.plot(epochs, train_acc, label='train_accuracy')

plt.plot(epochs, test_acc, label='test_accuracy')

plt.title('Accuracy')

plt.xlabel('Epochs')

plt.legend();



In [34]:

plot_results(baseline_results)
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#!/usr/bin/env python
# coding: utf-8

# In[3]:


#import modules
import torch
from torch import nn
from torch.utils.data import DataLoader, random_split, Subset
from torchvision import datasets, transforms, models
from torchvision.datasets import ImageFolder
from torchinfo import summary

import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns
from PIL import Image

import os
from pathlib import Path
from tqdm.auto import tqdm
import random
import os
import random
import matplotlib.pyplot as plt
from PIL import Image, ImageDraw, ImageFont

#set random seed for reproducibility
seed = 42


# In[4]:


# Setup device-agnostic code
device = "cuda" if torch.cuda.is_available() else "cpu"
device


# In[10]:


#define function that walks through each directory and subdirectory
def walk_through_dir(dir_path):
  for dirpath, dirnames, filenames in os.walk(dir_path):
    print(f"There are {len(dirnames)} directories and {len(filenames)} images in '{dirpath}'.")

walk_through_dir("/kaggle/input/fire-dataset/fire_dataset")


# In[11]:


#setup path for our data files
fire_dir = Path("/kaggle/input/fire-dataset/fire_dataset/fire_images")
non_fire_dir = Path("/kaggle/input/fire-dataset/fire_dataset/non_fire_images")

fire_dir, non_fire_dir


# In[12]:


#set seed
random.seed(seed)

#get all image paths from the fire file (* means "any combination")
fire_image_list = list(fire_dir.glob("*.*.png"))

#get random image path
random_fire_image_path = random.choice(fire_image_list)

#get image class from path name
fire_image_class = random_fire_image_path.parent.stem

#open image
img = Image.open(random_fire_image_path)

print(f"Random image path: {random_fire_image_path}")
print(f"Image class: {fire_image_class}")
print(f"Image height: {img.height}") 
print(f"Image width: {img.width}")
img


# In[13]:


random.seed(seed)

#get all image paths from the non-fire file (* means "any combination")
non_fire_image_list = list(non_fire_dir.glob("*.*.png"))

random_non_fire_image_path = random.choice(non_fire_image_list)
non_fire_image_class = random_non_fire_image_path.parent.stem
img = Image.open(random_non_fire_image_path)

print(f"Random image path: {random_non_fire_image_path}")
print(f"Image class: {non_fire_image_class}")
print(f"Image height: {img.height}") 
print(f"Image width: {img.width}")
img


# In[14]:


#transforms.Compose allows us to package all of the transformations we want to perform on the image
data_transform = transforms.Compose([
    #resize the images to 128x128
    transforms.Resize(size=(128, 128)),
    #randomly pick a transformation with a random magnitude and apply one transformation to one image
    transforms.TrivialAugmentWide(num_magnitude_bins=31),
    #turn the image into a torch.Tensor and also converts all pixel values from 0 to 255 to be between 0.0 and 1.0 
    transforms.ToTensor() 
])


# In[15]:


with Image.open(random_fire_image_path) as f:
    
    #before transformation
    fig, ax = plt.subplots(1, 2)
    ax[0].imshow(f) 
    ax[0].set_title(f"Original \nSize: {f.size}")
    ax[0].axis("off")
    
    #after transformation
    #PyTorch default is [C, H, W] but Matplotlib is [H, W, C]
    torch.manual_seed(seed)
    transformed_image = data_transform(f).permute(1, 2, 0) 
    ax[1].imshow(transformed_image) 
    ax[1].set_title(f"Transformed \nSize: {transformed_image.shape}")
    ax[1].axis("off")


# In[16]:


with Image.open(random_non_fire_image_path) as f:
    fig, ax = plt.subplots(1, 2)
    ax[0].imshow(f) 
    ax[0].set_title(f"Original \nSize: {f.size}")
    ax[0].axis("off")

    torch.manual_seed(seed)
    transformed_image = data_transform(f).permute(1, 2, 0) 
    ax[1].imshow(transformed_image) 
    ax[1].set_title(f"Transformed \nSize: {transformed_image.shape}")
    ax[1].axis("off")


# In[17]:


#define data root directory
root_dir = "/kaggle/input/fire-dataset/fire_dataset"

#you can also apply data transformation using the `transforms` parameter here
fire_dataset = ImageFolder(root_dir)


# In[18]:


#the classes are the names of the files in the root folder
class_names = fire_dataset.classes
class_names


# In[19]:


#class names as a dict
class_dict = fire_dataset.class_to_idx
class_dict


# In[20]:


#split the dataset into training, validation and testing
train_dataset, valid_dataset, test_dataset = random_split(fire_dataset, [0.7, 0.15, 0.15], generator=torch.Generator().manual_seed(seed))


# In[21]:


len(train_dataset), len(valid_dataset), len(test_dataset)


# In[22]:


#define custom data subset
class MySubset(torch.utils.data.Dataset):
    def __init__(self, subset, transform=None):
        self.subset = subset
        self.transform = transform
        
    def __getitem__(self, index):
        x, y = self.subset[index]
        
        #if a transform argument is provided, apply the transformaiton to the subset
        if self.transform:
            x = self.transform(x)
        return x, y
        
    def __len__(self):
        return len(self.subset)


# In[23]:


#apply data transformation only to the training and validation dataset
train_dataset = MySubset(train_dataset, transform=data_transform)
valid_dataset = MySubset(valid_dataset, transform=data_transform)


# In[24]:


#use DataLoader to load and group dataset into batches
batch_size = 32

torch.manual_seed(seed)
train_loader = DataLoader(train_dataset, batch_size=batch_size, shuffle=True)

torch.manual_seed(seed)
valid_loader = DataLoader(valid_dataset, batch_size=batch_size, shuffle=False)


# In[25]:


#check that each batch contains 32 samples of images
img, label = next(iter(train_loader))

print(f"Image shape: {img.shape} -> [batch_size, color_channels, height, width]")
print(f"Label shape: {label.shape}")


# In[26]:


#define architecture for our baseline CNN model
class Baseline(nn.Module):

    def __init__(self, input_shape: int, hidden_units: int, output_shape: int) -> None:
        super().__init__()
        
        self.conv_block_1 = nn.Sequential(
            #first convolution layer
            nn.Conv2d(in_channels=input_shape, out_channels=hidden_units, kernel_size=3, stride=1, padding=1),
            nn.ReLU(),
            #second convolution layer
            nn.Conv2d(in_channels=hidden_units, out_channels=hidden_units, kernel_size=3, stride=1, padding=1),
            nn.ReLU(),
            #pooling layer
            nn.MaxPool2d(kernel_size=3, stride=3)
        )

        self.classifier = nn.Sequential(
            nn.Flatten(),
            #we can find the number of layers checking the summary from torchinfo (example below)
            nn.Linear(in_features=17640,
                      out_features=output_shape)
        )
    
    def forward(self, x: torch.Tensor):
        
        return self.classifier(self.conv_block_1(x)) #leverage the benefits of operator fusion


# In[27]:


torch.manual_seed(seed)
#instantiate baseline model
baseline = Baseline(input_shape=3,
                  hidden_units=10, 
                  output_shape=1).to(device)
baseline


# In[28]:


#see the outputs by feeding in a test pass
summary(baseline, input_size=[32, 3, 128, 128])


# In[29]:


#define function for training and evaluating each epoch
def train_per_epoch(model, train_dataloader, test_dataloader, loss_fn, optimizer):

    model.train() 
    train_loss, train_acc = 0, 0
    
    #loop through data loader data batches

    for batch, (X, y) in enumerate(train_dataloader):
        
        X, y = X.to(device), torch.unsqueeze(y, dim=1).float().to(device)
        
        #make prediction
        y_logits = model(X)
        y_pred = torch.round(torch.sigmoid(y_logits))
        
        #calculate and accumulate loss
        loss = loss_fn(y_logits, y)
        train_loss += loss.item()
        
        #calculate and accumulate accuracy
        acc = (y_pred == y).sum().item()/len(y)
        train_acc += acc
        
        #update parameters
        optimizer.zero_grad()
        loss.backward()
        optimizer.step()

    #Calculate the average loss and average acc by batch (in one epoch)
    train_loss = train_loss / len(train_dataloader)
    train_acc = train_acc / len(train_dataloader)

    ### Testing Loop
    model.eval() 
    test_loss, test_acc = 0, 0
    
    with torch.inference_mode():

        for batch, (X, y) in enumerate(test_dataloader):

            X, y = X.to(device), torch.unsqueeze(y, dim=1).float().to(device)

            test_logits = model(X)
            test_pred = torch.round(torch.sigmoid(test_logits))

            loss = loss_fn(test_logits, y)
            test_loss += loss.item()

            #calculate and accumulate accuracy
            acc = (test_pred == y).sum().item()/len(y)
            test_acc += acc
            
    #Calculate the average loss and average acc by batch (in one epoch)
    test_loss = test_loss / len(test_dataloader)
    test_acc = test_acc / len(test_dataloader)
    return train_loss, train_acc, test_loss, test_acc


# In[30]:


#setup ModelCheckpoint
def checkpoint(model, filename):
    torch.save(model.state_dict(), filename)
    
def resume(model, filename):
    model.load_state_dict(torch.load(filename))


# In[31]:


#define train function
def train(model, train_dataloader, test_dataloader, optimizer, loss_fn, epochs, best_model_path):
    
    results = {"train_loss": [], "train_acc": [], "test_loss": [], "test_acc": []}
    
    #setup early stopping and model checkpoint
    early_stop_threshold = 10
    best_loss = float("inf")
    best_epoch = -1
    
    for epoch in tqdm(range(epochs)):
        train_loss, train_acc, test_loss, test_acc = train_per_epoch(model=model, train_dataloader=train_dataloader, test_dataloader=test_dataloader, loss_fn=loss_fn, optimizer=optimizer)
        
        print(f"Epoch: {epoch+1} | train_loss: {train_loss:.4f} | train_acc: {train_acc:.4f} | test_loss: {test_loss:.4f} | test_acc: {test_acc:.4f}")

        #update results dictionary
        results["train_loss"].append(train_loss)
        results["train_acc"].append(train_acc)
        results["test_loss"].append(test_loss)
        results["test_acc"].append(test_acc)
        
        #EarlyStopping and ModelCheckpoint
        if test_loss < best_loss:
            best_loss = test_loss
            best_epoch = epoch
            checkpoint(model, best_model_path)
        elif epoch - best_epoch > early_stop_threshold:
            print("Early stopped training at epoch %d" % epoch+1)
            break  # terminate the training loop
    
    print(f"Epoch with best loss: Epoch {best_epoch+1} at {best_loss:.4f}")

    return results


# In[32]:


#set random seeds
torch.manual_seed(42) 
torch.cuda.manual_seed(42)

NUM_EPOCHS = 10

#loss function and optimizer
loss_fn = nn.BCEWithLogitsLoss()
optimizer = torch.optim.Adam(params=baseline.parameters(), lr=0.001)

#train baseline model
baseline_results = train(model=baseline, train_dataloader=train_loader, test_dataloader=valid_loader, optimizer=optimizer, loss_fn=loss_fn, epochs=NUM_EPOCHS, best_model_path = "best_baseline_model.pth")


# In[33]:


def plot_results(results):
    
    train_loss = results["train_loss"]
    train_acc = results["train_acc"]
    test_loss = results["test_loss"]
    test_acc = results["test_acc"]
    
    epochs = range(len(results['train_loss']))
    
    plt.figure(figsize=(10, 5))
    
    #plot loss
    plt.subplot(1, 2, 1)
    plt.plot(epochs, train_loss, label='train_loss')
    plt.plot(epochs, test_loss, label='test_loss')
    plt.title('Loss')
    plt.xlabel('Epochs')
    plt.legend()

    #plot accuracy
    plt.subplot(1, 2, 2)
    plt.plot(epochs, train_acc, label='train_accuracy')
    plt.plot(epochs, test_acc, label='test_accuracy')
    plt.title('Accuracy')
    plt.xlabel('Epochs')
    plt.legend();


# In[34]:


plot_results(baseline_results)


# In[35]:


#get a set of pretrained model weights
weights = models.MobileNet_V3_Small_Weights.DEFAULT
weights


# In[36]:


#get the data transformations used to create our pretrained weights
auto_transforms = weights.transforms()
auto_transforms


# In[37]:


root_dir = "/kaggle/input/fire-dataset/fire_dataset"

fire_dataset_tl = ImageFolder(root_dir)


# In[38]:


#random_split the dataset in training, validation and testing
train_dataset_tl, valid_dataset_tl, test_dataset_tl = random_split(fire_dataset_tl, [0.7, 0.15, 0.15], generator=torch.Generator().manual_seed(seed))


# In[39]:


#apply data transformation to the training and validation dataset
train_dataset_tl = MySubset(train_dataset_tl, transform=auto_transforms)
valid_dataset_tl = MySubset(valid_dataset_tl, transform=auto_transforms)


# In[40]:


#load the data using DataLoader
batch_size = 32
train_loader_tl = DataLoader(train_dataset_tl, batch_size=batch_size, shuffle=True)
valid_loader_tl = DataLoader(valid_dataset_tl, batch_size=batch_size, shuffle=False)


# In[41]:


#load the weights into the model
model_tl = models.mobilenet_v3_small(weights=weights).to(device)
model_tl


# In[42]:


summary(model=model_tl, input_size=(32, 3, 384, 384))


# In[43]:


#freeze all base layers in the pretrained model
for param in model_tl.features.parameters():
    param.requires_grad = False


# In[44]:


#set the manual seeds
torch.manual_seed(seed)
torch.cuda.manual_seed(seed)

#redefine classifier layer
model_tl.classifier = torch.nn.Sequential(
    nn.Linear(in_features=576, out_features=1024, bias=True),
    nn.Hardswish(),
    torch.nn.Dropout(p=0.2, inplace=True), 
    torch.nn.Linear(in_features=1024, out_features=1, bias=True)).to(device)


# In[45]:


#set random seeds
torch.manual_seed(seed) 
torch.cuda.manual_seed(seed)

NUM_EPOCHS = 50

#loss function and optimizer
loss_fn = nn.BCEWithLogitsLoss()
optimizer = torch.optim.Adam(params=model_tl.parameters(), lr=0.0001)

#train model_tl
model_tl_results = train(model=model_tl, train_dataloader=train_loader_tl, test_dataloader=valid_loader_tl, optimizer=optimizer, loss_fn=loss_fn, epochs=NUM_EPOCHS, best_model_path = "best_model_tl.pth")


# In[46]:


plot_results(model_tl_results)


# In[5]:


#define function to predict custom images

def pred_and_plot_image(model, image_path, transform, device: torch.device=device):
    
    img = Image.open(image_path)

    image_transform = transform

    model.to(device)
    model.eval()
    with torch.inference_mode():

        transformed_image = image_transform(img).unsqueeze(dim=0)
        target_image_pred = model(transformed_image.to(device))

        target_image_pred_probs = torch.sigmoid(target_image_pred)
        target_image_pred_label = torch.round(target_image_pred_probs)
        
    plt.figure()
    plt.imshow(img)
    plt.title(f"Pred: {target_image_pred_label.cpu().numpy()[0][0]} | Prob: {target_image_pred_probs.cpu().numpy()[0][0]: .3f}")
    plt.axis(False);


# In[6]:


pred_and_plot_image(model, "./test_image", transform)
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In [3]:

#import modules

import torch

from torch import nn

from torch.utils.data import DataLoader, random_split, Subset

from torchvision import datasets, transforms, models

from torchvision.datasets import ImageFolder

from torchinfo import summary

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from PIL import Image

import os

from pathlib import Path

from tqdm.auto import tqdm

import random

import os

import random

import matplotlib.pyplot as plt

from PIL import Image, ImageDraw, ImageFont

#set random seed for reproducibility

seed = 42



In [4]:

# Setup device-agnostic code

device = "cuda" if torch.cuda.is_available() else "cpu"

device



Out[4]:

'cuda'
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